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Abstract

In this study, we analyze whether demographic and health factors, such as
race, ethnicity, sex, hypertension, diabetes, etc., affect the prevalence rates of
Alzheimer’s disease diagnoses using data provided by the National Alzheimer’s
Coordinating Center (NACC). Specifically, utilizing generalized linear models in
conjunction with random forests, we find that some of these factors are signif-
icant. Subsequently, utilizing those factors identified in our models, in a neural
network with one hidden layer allowed us to predict Alzheimer’s Disease diagno-
sis with high accuracy. To facilitate this, we created a specific R package for NACC
data sets and optimize current and future research goals.

Background Information and Goals

Literature Review

= |[n the United States, about 6.7 million adults age 65 and older live with
Alzheimer’'s dementia

= Fifth leading cause of death for that age cohort [2]

= Characterized by Amyloid plagues, neurofibrillary tangles, and chronic
iInflammation

= Stll, it is unclear if these are a cause or result of Alzheimer’s disease [5].

Goals

In this study, we aim to address two primary goals. First, we aim to build an
inferential model that allows us to gauge and assess risk factors associated with a
higher prevalence of Alzheimer’s disease diagnosis within the context of this data
repository. Second, using those identified risk factors, we aim to create a reliable
predictive model for Alzheimer’s disease diagnosis.

Data Overview

= A clinician diagnoses Alzheimer’s by assessing a patient’s cognitive
symptoms; however, tools such as the Mini-Mental Status Exam have been
shown to lack specificity and sensitivity among non-white individuals in
addition to cultural differences and beliefs of the natural progression of age,
spirituality, religion, and trust in healthcare providers. [1].

= Obesity is associated with a higher risk of Alzheimer’s disease and damage
to regions of the brain affected by it. However, a multitude of studies have
found lower BMI is associated with a higher risk of progression to
Alzheimer’s disease [4].

= Studies have found smokers to have lower gray matter density and
iIncreased atrophy in the brain. Later in life, smokers present with similar
neurocognitive issues to Alzheimer's and have been associated with an
earlier onset of symptoms for those who do develop the disease. Decreased
risk of Alzheimer’s may be due to survival bias or exclusion from studies due
to the development of other major diseases linked to smoking [3].

Methods

The data set was fully de-identified and provided by NACC, a centralized data
repository hub for 37 research and exploratory centers contributing data. Patients
within the dataset may have more than one encounter with the care provider; this
study primarily focuses on the most recent encounter chronologically from 2005-
2022. Our study focused on participants’ cognitive status and various health and
demographic factors.

Data Structure and Strategies

Data Structure

= Uniform Data Set (UDS): A longitudinal data set with data concerning
demographics, neurological examination results, diagnosis, and more.

= Biomarker Data Set (BDS): Data which contains summary measures for a
subset of participants in the UDS.

Data Wrangling

= The data set was reformatted to convert missing and non-applicable values to
NAS.

= We created an R package, NACCdata, that contributes to data cleaning and
wrangling variables through multiple filters and tools.

= NACCdata streamlined exploratory data analysis and modeling, along with
functions, this package is enough to make a poster in itself.

Modeling for building statistical inferences

A binomial logistic regression model was built with Alzheimer’s Diagnosis as
the response with the following two classes: normal cognition and Alzheimer’s
disease. The generalized model Is written as follows for ¢ = 1, 2 classes:
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1. The logistic regression model used predictors obtained via preliminary data
exploration and literature review which were then further subset through
LASSO regression to maximize its predictive capacity.

2. A Random Forests model was also built using the same predictors and
response found from the logistic regression. This model also included
concentration of T-tau and AB;_4» In the brain.

3. A Neural network with one hidden layer created a reliable predictive engine
for Alzheimer’s disease diagnosis with more than 83% accuracy
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Table 1. Some significant importance
variables. All variables had

significant p-values. Figure 1. A variable importance plot from the Random

Forests model.
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Comparative Analysis of Fitted Models

Model Type AUC
ROC Curves of Fitted Models

1.00 Random Forest .85
;‘%075 Neural Network .90
5 e mateeie | LOgISTIC Regression 73
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T 025 Model Type Accuracy
000 Random Forest 83%
| False Positive Rate (1 - Specificity) | Neural Network 339
Figure 2. The receiver operating characteristic Logistic Regression 67 %

(ROC) curves of the following three fitted

models. Table 2. A comparison of models by area

under the ROC curve (AUC) and accuracy.

Above are the results from a binomial logistic regression built solely on the UDS
data, along with a single hidden layer neural network and a random forest model,
both built using variables from both the UDS and BDS data sets. For each,
Alzheimer’s disease diagnosis was the positive class, and normal cognition was
the reference level. It is clear from table 2 above that the neural network and ran-
dom forest methodology adhere to the highest accuracy rate in prediction. Note,
that the Neural Network has a higher AUC, make it the better model. It is worth
mentioning that this study was partially limited by a small number of counts in
certain categories associated with a subset of variables, resulting in sparse data
structures. To avoid that, we utilized filtering strategies to collapse categories with
small counts.

Future Work

We would like to further investigate the relationship between demographic, en-
vironmental, and health factors and the progression and diagnosis of Alzheimer’s
disease, along with improving the accuracy of predicting diagnosis. VWe are cur-
rently implementing a linear mixed effects model using our longitudinal data and
eventually build a Bayesian Hierarchical model.
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